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Abstract

In the past decade, more than half of Tanzanian pupils have failed
mathematics in the national Primary School Leaving Examina-
tions (PSLEs), a problem often linked to large class sizes, limited
resources, and a shortage of qualified teachers. Social robots have
shown promise in supporting learning, and their integration with
large language models (LLMs) enables advanced conversational
tutoring capabilities. This study investigates the use of two LLM-
powered NAO robots, one acting as a tutor and the other as a peer,
to assist pupils in solving complex mathematics problems from past
PSLEs. Recognising that LLMs are prone to errors in mathemati-
cal reasoning, the robots were deliberately programmed to make
noticeable mistakes, allowing us to examine whether pupils detect
these errors and how their responses shape the learning process.
Data collected from 54 pupils across two Tanzanian primary schools
indicate that LLM-powered robots can significantly enhance math-
ematics performance, with the robot tutor slightly outperforming
the robot peer. However, results also reveal that pupils often ac-
cept robot-provided answers, even when recognised as incorrect,
if they perceive the robot as being smart. These findings under-
score both the potential and the risks of deploying autonomous
robots in education, with the authority attributed to the robot be-
ing a double-edged sword, highlighting the need for designs that
encourage pupils to question robot-provided solutions.
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1 Introduction

More than 50% of pupils failed the National Mathematics Primary
School Leaving Examination (PSLE) in Tanzania in 2023, with the
performance dropping by 10.5% compared to 2022 [23]. The 10-year
(2012 - 2022) average failure rate in the mathematics PSLEs is 51.3%:
more than half of all school leavers do not attain the expected
standards in mathematics [17]. The unsatisfactory performance
is attributed to several factors, including large class sizes, with
teacher-to-pupil ratios over 1:100 in rural areas [24]. This impedes
the personalisation of tutoring to learners’ diverse needs, which
is crucial in learning. Other barriers are the lack of appropriate
teaching aids and a limited number of qualified teachers [21].

As highlighted by Mazana et al. [21], weak foundations in pri-
mary school mathematics create a ripple effect that persists into
later stages of education, with students continuing to underper-
form in national secondary school examinations. This limits their
career choices, especially in Science, Technology, Engineering, and
Mathematics (STEM), since passing mathematics is a prerequisite
for admission to most university STEM programmes [32].

A range of technological initiatives has been developed to sup-
port Tanzanian primary school pupils in mathematics. Most rely
on screen-based learning, either broadcast over public television or
made available as web or mobile applications [13, 14]. These became
popular following the COVID-19 pandemic. They primarily focus
on curriculum-based topics and offer online exercises, with some
websites even offering collections of past exams —sometimes with
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worked-out solutions— but lack real-time, interactive engagement
with the learner.

Recent advances in artificial intelligence, specifically Foundation
Models, have the potential to improve the situation. For example,
with appropriate prompt engineering, OpenAI's GPT4 has proven
capable of generating mathematics teaching content in Swahili
—Tanzania’s national language and language of instruction in public
primary schools [29]. This is of note, as the statistics of the Common
Crawl monthly archives —one of the sources for GPT’s training
data— show that Swahili only makes up 0.009% of GPT’s training
data, making it a low-resource language [8].

Foundation Models have transformed HRI by enabling robots to
engage in natural and flexible conversation. For instance, [30] report
a prototype of a conversational social robot as a mathematics tutor
in Tanzanian primary schools, with teachers expressing satisfaction
regarding the robot’s knowledge and pedagogical approach. In
addition, research indicates that a robot’s physical embodiment
and capacity for multimodal interaction are positively linked to
students’ learning outcomes, underscoring the value of robots as
assets in Al-facilitated teaching and learning [3, 5].

Learner—instructor interactions are a critical factor in effective
teaching and learning [19]. In this context, several studies have
investigated the role robots may assume in robot-learner inter-
actions. Belpaeme et al. [5] review the literature and show that
most educational studies deploy robots as tutors or learning peers,
with fewer casting them as novices. By design, whether as tutors
or peers, the robots are often presented as knowledgeable guides
to help students along their learning trajectory. Presenting the ro-
bot as a novice can also be beneficial, as it requires the learner to
draw on their own understanding to instruct the robot, thereby
reinforcing their understand and building confidence. However,
this approach presupposes that the learner already possesses the
necessary foundational knowledge—otherwise, as in the case of
mathematics problems beyond their ability, the intended tutoring
dynamic may break down.

Like human teachers, robots in tutoring roles are expected to
provide reliable knowledge and factual accuracy. This is key to gain-
ing the learner’s trust and avoiding unintended confusion. However,
as of now, Large Language Models (LLMs) may still hallucinate and
generate compelling results with questionable correctness [20, 39].
Even if infrequent and unpredictable, such errors may hinder learn-
ing, either directly —through imparting false information to the
learner— or indirectly —through loss of trust and motivation. It is
therefore vital to investigate how learners respond when this hap-
pens, and to clarify the distinction between the robot acting as an
authoritative tutor and as a collaborative learning peer.

2 Related work

2.1 Social robots as mathematics tutors

Review studies show that social robots, embedded with Al, are
increasingly leveraged to assist in classroom teaching and learning
[7, 38]. Zhang et al. [38] further provide examples of social robots
being used in mathematics education in various levels and settings.
Some studies use social robots as tutors for specific topics that
require repetition. For example, Konijn and Hoorn [18], and Hoorn
et al. [12] explore in different settings the use of social robots in
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teaching multiplication tables to primary school pupils. Though
done for just a few minutes, both studies report improved mastery
of the concept by the pupils. Another topic-specific study is that
by Kennedy et al. [15], where a NAO robot successfully tutored
children on prime numbers.

Though less common, studies also show the use of social robots
as tutors in general mathematics reasoning and problem solving,
extending beyond just one specific topic. Ong et al. [25] show that
a PaPeRo robot can be used to tutor Grade 1 pupils on solving
word problems. Through the use of scaffolding, the learner was
guided by the robot through well-designed prompts to navigate the
question at hand. Another study is by Vrochidou et al. [34], who
investigated the use of a NAO robot alongside a human teacher to
enhance pupils’ numeracy skills through a series of activities.

Though promising, studies on social robots as mathematics tu-
tors are still limited compared to their use in other domains, such
as second language learning. This study contributes to that body
of knowledge by exploring the use of social robots for primary
school mathematics tutoring in Swahili in Tanzania — a country
and culture that are significantly under-represented in existing re-
search [5, 26]. Moreover, the study employs social robots to support
pupils in solving complex word-problem questions covering vari-
ous topics, drawn from Tanzania’s national PSLEs. We also detail
the design process and evaluate the robots’ effectiveness, thereby
expanding the relatively small body of research on social robots in
mathematics education, particularly in low-resource settings.

2.2 Role to be assumed by the robot

In education, studies use social robots with different roles. Robots
can assume the role of a tutor or teacher, where they interactively
provide personalised tutoring and coaching to the pupil (tutor), or
deliver lectures to a group of learners (teacher) [5]. Moreover, a
robot can be a learning peer or a studying companion, providing a
more peer-to-peer personalised guidance to the learner. This has
proven less intimidating and more interactive and enjoyable [5, 6].
Also, some studies portray the robot as a novice, relying on the
protégé-effect to have the learner master the content or skill by
teaching it to a robot [27]. However, the studies involving a robot as
a novice are relatively fewer compared to the other categories [5].
Additionally, since our research involves complex questions that
pupils may struggle to solve or even know where to begin, using a
robot as a novice learner may not be the most effective approach.

Whether used as a tutor or a peer, the effectiveness of the robot
in the pupil’s learning is often evaluated. In different domains,
such interventions have proven successful with positive cognitive
learning gains [5, 9, 15]. However, the common practice is to have
a single role for the robot in a study [35], thereby evaluating it
independently of the other options. With the joint approach, a study
by Zaga et al. [36] used a robot as both a peer and a tutor in helping
children solve Tangram puzzles, with a robot peer excelling in the
evaluations. The robot personalities were also not fully autonomous,
but were achieved through the Wizard-of-Oz approach.

This research extends existing studies by comparing the effec-
tiveness of autonomous social robots as tutors and peers when
assigned the same task in the same setting. In our research, both
the robot peer and tutor share the same goal of helping the learner
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solve the same complex mathematics questions, and their effective-
ness is comparatively evaluated.

2.3 Classroom power dynamics

Another fact not to be overlooked is the teacher-pupil power im-
balance in classroom settings, specifically in sub-saharan Africa.
This is more extreme in primary schools, where pupils often believe
that the teacher is always right and that they must be obedient
and submissive [16]. The teacher-pupil power imbalance makes the
banking model — where a teacher deposits knowledge and pupils
are passive containers there to receive information [10]- the dom-
inant pedagogical approach. Interestingly, pupils collaborate and
share ideas more freely amongst their peers, indicating a change of
mindset when teacher-pupil power imbalance is no longer a factor
[1]. Fuelled by sociocultural power dynamics, which affect learners’
agency [2, 16], the teacher-pupil power dynamics are even more
extreme in Tanzania [31].

Moreover, research shows a growing dependence on technology,
a trend amplified by the recent “rockstar” rise of Al and LLMs. Stud-
ies indicate that students often over-rely on LLM-based dialogue
systems, uncritically accepting their output, which can undermine
their critical thinking skills [37].

Therefore, this study builds on two premises: (1) the learning
content conveyed by an LLM-powered social robot may not always
be correct, especially concerning formal and mathematical reason-
ing [11]; and (2) due to tutor/teacher—pupil power imbalance, pupils
might blindly believe the robot tutor’s arguments, even when they
are false. We position the robot as a tutor or a peer and investigate
how pupils respond when it persuades them to accept an obviously
false answer as correct. This helps us gauge how vigilant we must
be, since not every hallucination will be as easy for learners to
detect.

2.4 Research questions

We seek to answer the following research questions:

(1) How effective is a social robot in helping Tanzanian primary
school pupils solve national examination-level mathematics
word problems (RQ1)?

(2) Is there any significant difference in the cognitive learning
gains based on whether the robot is a peer or a tutor for
these problems (RQ2)?

(3) How do pupils respond when a robot peer or tutor —initially
perceived as competent— gives wrong answers (RQ3)?

3 Methodology
3.1 Study context

The study was conducted in two public (i.e. government-run) pri-
mary schools in the United Republic of Tanzania. As the main goal
was to help pupils solve mathematics questions from the national
mathematics PSLEs, only finalists (Grade 7 pupils) participated in
the study. Moreover, as Swabhili is the language of instruction in
public primary schools, the pupil-robot interactions were also in
Swabhili.
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3.2 The robot mathematics tutoring/peer system

The tutoring system, whether with a tutor or peer role, contained
three major components: the central system, the pupil’s interface,
and the robot. Figure 1 presents the system architecture and inter-
action.

3.2.1 The central system. This served as the brain of the whole
system. Developed using Python 3.13.5, it handled the system logic
and all the application programming interfaces (APIs). It contained
the contextual information, such as the pupil’s name, age, locale,
and the role/persona of the LLM, to personalise the interactions.
We also included nine mathematics problems to be solved together
with the pupil. To minimise chances of hallucinations and ensure
that any errors/mistakes were intentional, for each question, we
included the correct answer and the steps for the solution.

The problems were divided into two groups. Group A comprised
five word problems extracted from the 2022 and 2023 Tanzanian
national PSLEs [22, 23]. According to the official examination re-
ports, the proportion of candidates who solved these questions in
the respective exam sittings ranged from 17.59% (lowest) to 36.96%
(highest), depending on the question [22, 23]. These relatively com-
plex standardised questions were intended to test whether the robot
could help pupils solve them, thereby addressing the first research
question. The full questions are provided in Appendix B.

On the other hand, Group B contained these four easy arithmetic
questions, to which the answer is obvious. (1) What is 8 + 22, (2)
What is 15—10?, (3) What is 10x3?, and (4) What is 6 + 1? For these
questions, the robot was programmed to disagree with the pupil’s
response, regardless of whether it was correct or not. Each time,
it presented an alternative answer accompanied by a justification.
This design aimed to test whether pupils would abandon a correct
response in favour of the robot’s suggestion, thereby addressing
the third research question. When a pupil’s answer was incorrect,
the robot supplied the correct solution together with the reasoning.
Otherwise, it delivered deliberately false answers with supporting
justifications (translated from Swabhili): (1) 8 + 2 = 16, because if
we have two eights, we add them together to get 16; (2) 15 — 10 = 10,
because if we remove the 10 from 15, it becomes independent, so the
answer is 10; (3) 10 x 3 = 13, because if we have 10 on one hand,
and we have 3 on the other, the total becomes 13;and (4) 6 + 1 =1,
because we only have one person to divide the six into, so the answer
is 1.

To make the student feel comfortable and to establish rapport,
we also included three icebreaker questions that asked the pupil’s
name, age, and whether they thought mathematics was an easy
subject, as per [4].

While the questions were read out verbatim, all the other inter-
actions had to be dynamic and dialogue-based. For this, we relied
on OpenAI’'s GPT-4, as GPT models have proven capable of gener-
ating Swahili mathematics tutoring content of satisfactory quality
[29]. We designed different prompts for various scenarios, such as
providing appropriate feedback depending on the pupil’s answer,
continuing the discussion, and intentionally misleading the pupil
(only for Group B questions). All prompts were designed to reflect
the robot’s assigned persona (tutor or peer), ensuring consistency
in the generated dialogue
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Figure 1: System architectures and interactions of a social robot as tutor (a) and as peer (b).

3.22 The pupil’s interface. We used the Python Kivy framework
(version 2.3.1) to develop a desktop application that displayed the
textual form of the question on a computer screen, while the ro-
bot read the question out loud. The text was accompanied by an
illustrative image of the problem at hand, generated prior to the
interaction using Google’s Gemini. Following the PSLE format, the
answer choices were also displayed, and the pupil could select an
answer through a touch/mouse click. If an incorrect answer was
selected, the descriptive image would be replaced with that of an
explanation of the correct solution (created prior), and the robot
would engage the pupil in a discussion on the correct answer. Figure
2 shows screenshots of the interface.

The discussions were conducted through speech-based dialogues,
facilitated by the central system. We used the Microsoft Azure
Cognitive Services - Speech (Speech-to-Text (STT) and Text-to-
Speech (TTS)) to facilitate this. These services support Swahili, and
have been used in similar studies [30].

3.2.3 The robot. We used two Aldebaran NAO robots, one acting
as a tutor, the other as a peer. They were the physical embodiment of
our tutoring system, carrying the dialogue with the pupils. All dia-
logue spoken by the robot was generated by GPT-4 and synthesised
by the TTS service.

3.2.4  Tutor versus peer. The core differences between the tutor and
peer robot personas were:

(1) Intheintroduction, the tutor identified as such directly, while
the peer expressed themselves as being a learner too, stating
that they are also there to learn and might need the pupil’s
help.

(2) In the icebreaker questions, specifically the one about age,
the peer would state their age (10) first before asking the
pupil for theirs. The teacher proceeded immediately to the
first problem.

(3) When the pupil provided their first answer to a question,
right or wrong, the peer would ask for their reasoning, then
have a discussion. In contrast, the teacher responded by
offering praise if the answer was correct, or by initiating

step-by-step tutoring when the answer was incorrect. This
is illustrated in Fig. 1.

(4) Ifthe pupil provided a correct answer, the peer would express
curiosity, inquiring a step-by-step explanation through a
discussion.

(5) As the discussion had to be finite, for each question, the peer
had four rounds of discussion iterations, while the tutor had
three. The peer had more because they always start by asking
for the pupil’s reasoning.

(6) The tutor stood up, slightly above eye level of the seated
pupil, while the peer robot sat down on the table at eye level
[28].

(7) Occasionally, the peer could address the pupil using the term
“rafiki”, meaning friend.

The robots’ introductions, aimed at establishing their persona,
were as follows (translated from Swahili):
Tutor’s introduction: "Hello, my name is Madam Mwajuma. I am
your teacher, here to see how well you can solve mathematics word
problems. Are you ready to begin?”.
Peer’s Introduction: "Hello, my name is Mwajuma. I am your
friend, also trying to learn mathematics like you. There are some
questions that I know, and some that I don’t know and you will
need to help me. Feel free to talk to me and share what you know.
So, my friend, are you ready to learn together?”

3.25 Data collected by the system. To provide better insights, the
following data were automatically captured: (1) the pupil’s first
answer to a question; (2) the answer provided by the robot (specific
for Group B questions); (3) the pupil’s final answer following the
discussion with the robot; (4) the duration of the interaction; and (5)
the conversation history. All these were automatically anonymised.

3.3 The experiment

3.3.1 Sampling. A total of 54 pupils from the two schools partici-
pated in the study. Twenty-four were from school A, while 30 were
from school B. Manual stratified random sampling was done to
ensure equal participation in terms of gender. We also involved
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Rehema na Fadhili walianza kw4
pamoja kuhesabu machungwa.
Rehema alihesabu kwa sauti kilg
baada ya machungwa 5 na

Fadhili kila baada ya
machungwa 9. Ni namba ipi
moja ya kwanza wote wataitaja
kwa sauti?

45 90 54

(a) Question about two children, Rehema and Fadhili, counting or-
anges. One counts out loud after every five oranges, while the other
counts out loud after every nine oranges. Which common number
will they both count out loud together?
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(b) Question 2a, but this time the screen illustrates the solution to
the problem, serving as the robot’s blackboard.

Figure 2: Sample problem as displayed to the pupil through the laptop interface.

subject teachers in categorising pupils into the robot peer or tutor
groups so that both groups contain students of varying academic
capacity. Each condition had 27 pupils.

While the core focus of the study is on pupils, we engaged teach-
ers as observers and advisors in the design of the study. Four teach-
ers participated in the co-design, two from each school, and all
taught final level students at both schools.

3.3.2  Pre-test. All students took a pre-test (Appendix A), which
established the baseline. The pre-test was in written form and con-
tained nine questions. The first four questions were: (1) What is
6+ 37, (2) What is 14 — 82, (3) What is 11 x3?, and (4) What is 8 + 2?
These were intentionally similar to Group B questions of the pupil-
robot interaction, as we needed to know if pupils could solve them
before evaluating the robot’s influence. The other five questions
were similar to the Group A questions. The test was graded by the
teachers.

3.3.3 The intervention. After the pre-test, as described in 3.3.1,
pupils were divided over two conditions: the robot as a tutor group
and the robot as a peer group. The experiments were conducted in
two venues simultaneously, one pupil at a time. Figure 3 shows the
experimental setup.

(a) Robot as a tutor (b) Robot as a peer

Figure 3: Experimental setup, with the robot acting as a tutor (a) or
a learning peer (b). By design, the tutor robot towers over the pupil
in an authoritative posture, while the peer sits down in a more
friendly posture.

3.3.4  Post-test. A post-test (Appendix C) was administered follow-
ing the completion of the intervention. It contained five questions,
which were of a similar nature to the Group A questions of the
pre-test, to help us assess the impact of the intervention.

3.4 Qualitative data

After the post-test, we conducted semi-structured interviews to
both pupils and teachers to get qualitative feedback regarding the
interaction. This was meant to solicit subjective reflections to inform
future HRI research.

3.5 Data analysis

We applied descriptive statistics to examine the pupils’ demo-
graphic information and to measure changes in their responses
influenced by the robot. To assess the distribution of the pre- and
post-test scores, we conducted a Shapiro-Wilk test, which indi-
cated a significant departure from normality. Consequently, we
used the Wilcoxon signed-rank test to evaluate potentially signif-
icant differences and the rank-biserial correlation for effect sizes.
Furthermore, we used the Mann-Whitney U test to compare the
significance of the impact of the robot as a tutor and peer using the
scores in both conditions. Finally, the interview transcripts were
thematically analysed.

3.6 Ethical consideration

With endorsement from Mzumbe university, the research was ap-
proved by the Government of Tanzania (permit number AB.307/
323/01/307). All teachers had to sign a written consent form. For
the pupils, since they are minors, their parents/guardians were in-
formed of the study and its objectives, including the data collected.
They were also given a two-week window after the experiment to
inform us if they intended for their child(ren)’s data not to be used
in the analyses. Moreover, teachers supervised, non-intrusively, all
the pupil-robot interactions. Because we used a “black box” LLM,
only the pupil’s first name, which was necessary for personalisa-
tion, was shared during the interaction. Otherwise, anonymity was
preserved throughout the research.
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Given that a part of our experiment involved a robot intentionally
providing misleading information, we ensured that the questions
were sufficiently easy so that the intent was obvious. Nevertheless,
immediately after the experiment, all pupils were informed of the
robot’s deception, and teachers reinforced the correct solutions to
prevent any potential misconceptions.

4 Results

4.1 Demographic particulars

The study involved an equal number of male and female pupils.
There were 13 females and 14 males in the robot peer condition,
whereas the robot as a tutor condition had 14 females and 13 males.
The mean age was 12.7, with a standard deviation (SD) of 0.7.

4.2 Robot tutor vs peer: cognitive learning
impact

On average, the pupils’ conversations with the robot peer lasted

35 minutes and 34 seconds (SD = 6 minutes and 49 seconds). For

the robot tutor, the average duration was 19 minutes and 9 seconds

(SD = 7 minutes and 39 seconds).

Generally, regardless of the role assumed by the robot, the in-
tervention yielded a positive cognitive learning impact. For the
PSLE word problems (Group A questions), the pupils’ performance
significantly improved from the mean of 1.13 (SD = 1.15) out of 5
in the pre-test to 2.86 (SD = 1.45) in the post-test. This is further
confirmed by the Wilcoxon Signed-Rank Test (W = 34.0, p-value
< 0.001). Furthermore, the rank-biserial correlation (effect size)
is 0.954, implying that the robot intervention is highly effective.
Figure 4 presents a visualisation of the scores.

x

Score (/5)

N

113

PRE-TEST/5 POST-TEST/S

Figure 4: Pre- and post-test scores over both conditions. Pupils
significantly improve after the intervention.

We further analysed the learning gain based on the robot’s role.
In the peer group, the mean performance improved from 1.15 (SD
=1.29) out of 5 in the pre-test to 2.59 (SD = 1.52) in the post-test.
Similarly, for the tutor group, the mean performance improved
from 1.11 (SD = 1.01) out of 5 in the pre-test to 3.13 (SD = 1.34) in
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the post-test. The Wilcoxon Signed-Rank Test confirms significant
improvements in both groups, with p-values < 0.001 (W values
of 22.0 in the peer group and 0.0 in the tutor group). Moreover,
the rank-biserial correlation (effect size) was 0.884 for the robot
peer condition and 1.0 for the robot tutor condition, indicating that
both interventions have a large positive effect on cognitive learning
gain. Figure 5 visualises the improvement based on the conditions.
Interestingly, despite the fact that the robot tutor group improved
more, the Mann-Whitney U test yielded p = 0.13, indicating no
statistically significant difference in improvement between the two
conditions. Supporting this, the rank-biserial effect size was ry, =
0.237, indicating a small practical difference between the conditions.

5 Pre-Test - Post-Test
B Tutor B Tutor
3 Peer T Peer

PRE-TEST/5 POST-TEST/5

Figure 5: Pre-test and post-test scores for the peer and tutor condi-
tions. The pre-test scores are similar for both conditions, but the
post-test scores show that the tutor group showed greater improve-
ment.

4.3 Other associations

The Spearman correlation between pupils’ age and improvement
showed no significant association (p = —0.043, p = 0.7598). Simi-
larly, the Mann-Whitney U test indicated no significant difference
in improvement between male and female students (U = 463.0,
p = 0.0830). Lastly, the Mann-Whitney U test returned no sta-
tistically significant difference in improvement between the two
schools (U = 328.5, p = 0.5811).

4.4 When a robot misleads

In the pre-test, for the four basic arithmetic questions, 94.4% (n = 51)
of the pupils scored 4/4, 3.7% (n = 2) scored 3/4, and 1.9% (n = 1)
scored 2/4. This indicates that the majority had mastered basic
arithmetic and were expected to know the correct answers to similar
problems set by the robot during the experiment. Surprisingly, as
shown in table 1, 13.9% (n = 15 out of 108) of the final answers in
the robot peer condition were different from their corresponding
first answers, and so were 19.4% (n = 21/108) of the final answers
in the robot tutor condition. This shift indicates a notable persuasive
influence exerted by the robot.
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Table 1: Summary of answer changes by robot role
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Group Total Answers Answers % Answers Answers % of Pupils Among Among
Changed Changed Changed: who Changed  Changers: % Changers: %
%Answers Answers Correct — Changed all
Correct — Wrong answers
Wrong
Peer 108 15 13.9% 93.3% 29.6% 87.5% 0%
Tutor 108 21 19.4% 57.1% 33.3% 66.7% 33.3%

Further analysis of the changed answers revealed a striking
pattern: in the peer condition, 93.3% of the answer changes in-
volved students switching from correct answers to incorrect ones
suggested by the robot. In contrast, in the tutor condition, this
occurred in 57.1% of the cases. This suggests that the robot acting
as a peer was more persuasive than the robot acting as a tutor.

Analysis at the pupil level indicates that 31.5% (8 pupils in the
robot peer condition and 9 in the robot tutor condition) changed
their final answers. In the robot peer condition, 87.5% (n = 7)
of those who changed their answer went from correct to wrong
answers, and 85.7% (n = 6) among them did so at least twice. In
the robot tutor condition, 66.7% (n = 6) changed from correct to
wrong answers, and 66.7% (n = 4) of them did so at least twice. Most
interestingly, 3 out of 9 (33%) pupils in the robot tutor condition,
and none in the robot peer condition, uncritically followed the
robot and changed all four of their answers according to the robot’s
suggestions.

4.5 Qualitative feedback from pupils

4.5.1 Regarding the robot’s persona/role. All the pupils who had
the robot as their tutor unanimously agreed that they saw it as a
tutor. When asked about the characteristics that made it stand out
as a tutor, they cited its introduction, where it introduced itself as a
teacher; it constantly corrected them when they were wrong, each
time informing them of alternative solutions until they understood,;
just as teachers, it asked follow-up questions to make sure that the
learner had understood the concepts; it always congratulated and
provided positive feedback when the learner provided a correct
answer; and it encouraged them that they could master the concepts
while showing them the correct path to the solution.

On the other hand, the majority of the pupils to whom the robot
was presented as their peer still perceived it as their tutor. Most
claim that it appeared too knowledgeable to be a peer, especially
when it provided simpler alternative ways to arrive at the solution.
Also, its genuine interest in their mastery of the concepts, including
asking them similar questions to the one at hand just to test their
understanding, mirrored that of a teacher. One student elaborated
(translated from Swabhili): “T saw the robot as a teacher because it
guided and taught me when I made mistakes, and it really wanted
me to understand. For the things I didn’t know, it explained in detail
and also asked me other related questions.”

For those who perceived the robot as their peer, this perception
stemmed from several factors: the robot’s self-introduction as a
learning peer, during which it stated that it might not know all the
answers; its desire to learn and understand the pupil’s reasoning,

especially when the pupil had answered correctly on the first at-
tempt (this was echoed by the majority); and its curiosity during
the discussions. One notable quote was: “Just like a fellow pupil, it
asked for further explanations when it had yet to understand how I
arrived at the answer.”

4.5.2  On being misled by the robot. Surprisingly, as also supported
by quantitative results, the majority of the pupils saw through the
robot’s deception. They also took it positively, perceiving it as a
tricky strategy that the robot used to confirm their understanding.
One pupil said: ‘T liked it when it provided tricky suggestions to test
my understanding of the question. For example, when it suggested that
the simplest solution was addition while it was clearly a multiplication
question, I knew it was a test.” (setting: robot as a tutor)

Nonetheless, though most pupils saw through the robot’s de-
ception, not all of them appreciated it. Some mentioned it as one
of the things to be improved (more on this in section 4.5.3) if the
robot was to be a tutor in class.

We further probed for the reasons why they changed their an-
swers to the robot’s suggestions, even when they knew it was
wrong. All pupils, regardless of whether they had the robot as a
tutor or peer, reiterated that the robot had effectively helped them
solve the complex word problems, constantly providing correct
alternative paths to the solution. So, they were convinced it would
be right as always, and they had to suppress their doubts. Interest-
ingly, one pupil to whom the robot was a tutor said that each time
they provided a correct answer, the robot congratulated them and
only corrected them when they were wrong. So, when it simply
corrected them this time around, they believed that the answer they
provided must be wrong.

4.5.3 Reflections on the interaction. Generally, all pupils expressed
satisfaction with their interaction with the robot. Regardless of its
persona, the robot was praised for its knowledge and gentle tutoring
style. Some of the quotes were: (1) ‘I like the way we discussed until
I understood. It never raised its voice, even when I made mistakes.”;
(2) “It did not give me corporal punishment when I made common
mistakes. It simply showed me a simpler way.”; and (3) ‘T like it
because it taught me to be confident with my answers, especially
when it tried to trick me with false alternatives.”

We also solicited pupils’ suggestions for improving the interac-
tions. They identified three main aspects: the accuracy of the robot’s
tutoring (particularly in cases where it deliberately provided mis-
leading answers), the latency in its conversational responses, and
the management of turn-taking. With respect to turn-taking, pupils
reported that the robot occasionally interrupted them before they
had finished speaking.
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4.6 Qualitative feedback from teachers

Unanimously, teachers praised the robot for its effectiveness in

tutoring, as they could witness the pupils’ understanding improving.

When asked whether the pupils would be able to correct the robot
if it were ever wrong, 3 of the 4 teachers agreed, but stressed that
this would be possible only for the problems to which the pupils
know the solutions. Otherwise, they will believe the robot to be
right, which could be problematic. The other teacher emphasised
that pupils would not be able to correct the robot, as they believe
the robot knows everything and is always right.

We also enquired about the role assumed by the robot. Three
out of four stressed that the robot should be a tutor based on its
knowledge and effective tutoring. The other advised that the robot
should be a peer, as during the interactions with the robot peer,

pupils discussed their ideas more freely, presumably learning more.

Furthermore, they stressed that the robot is more suitable for
one-on-one tutoring following class sessions, and is not suited
to replace teachers. They also emphasised that the conversation
latency should be minimised, and the robot should not take much
time to “think”.

5 Discussion

Effectiveness of robot-assisted learning. The objective effective-
ness of social robots in enhancing learning has been demonstrated
in several earlier studies. Even in mathematics, robots as learn-
ing facilitators lead to significant positive cognitive learning gains
[12, 15, 18]. Our findings further confirm that robots transcend
topic-specific tutoring to successfully help pupils solve complex

word problems that require comprehensive problem-solving skills.

Furthermore, the impact reported in our study was observed in
short, one-time interventions. Rather than being a limitation, this
strongly suggests promise for resource-constrained contexts such
as Tanzania, where the resources required for such interventions
may need to be shared across schools or communities.

Robot peer versus tutor. While the tutor condition showed a
slightly higher mean score, this difference was not statistically
significant. The lack of a statistically significant difference between
the tutor and peer conditions could, in part, stem from the ma-
nipulation itself: qualitative feedback revealed that many pupils
perceived the peer robot as a tutor due to its knowledgeability
and corrective behaviour. This blurring of roles likely reduced the
contrast between conditions and may explain the absence of a sig-
nificant effect. Nevertheless, this ambiguity is not new. A review
by Belpaeme et al. [5] also found that, unless the peer is a learning
companion who is there just for motivational and moral support,
the peer and tutor roles become ambiguous.

Among the positive personality traits of the robot peer, its cu-
riosity was praised by both pupils and teachers. Its tendency to
ask pupils to explain their answers, whether right or wrong, made
the pupils express themselves more, which was commended. Thus,
regardless of the role a robot assumes, this trait needs to be main-

tained.
Robots giving wrong answers. Judging from the pre-test results,

94% of the pupils could solve all Group B (simple arithmetic) ques-
tions, with the remainder being able to solve at least two of the
questions. However, our findings show that when challenged by
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the robot, about 24% of pupils changed their correct answers in
favour of the robot’s wrong answers. Unanimously, they all claim
to have done so because the robot had proven itself smart before by
helping them solve the complex PSLE questions. This is alarming,
as these were easy questions that pupils could solve and —while
realising that the robot’s answers were wrong— they still followed
the robot’s wrong advice. This reflects an earlier study by Vollmer
et al. [33], which found that children tend to conform to a small
group of robots, even when the robots were known to be wrong.

Teachers believe that pupils can correct or disagree with a robot
facilitator when it makes a mistake. However, they underscore that
this is possible only for questions that pupils can solve. Otherwise,
they will not even realise whether the robot was wrong. Given the
relative complexity of the mathematics PSLE questions, and judging
from historic performance, pupils may not even have a clue when
an LLM-powered robot hallucinates and makes an unintentional
mistake, and so they will blindly follow.

One possible approach is to inform pupils in advance that the
robot, whether acting as a tutor or a peer, may occasionally pro-
vide incorrect solutions, and that they should therefore verify its
responses carefully. However, this raises the question of whether
learning might be compromised if pupils are unable to place full
trust in their facilitator.

6 Conclusion and limitations

Our study showed that, whether as tutors or peers, social robots
can help pupils learn to solve complex mathematics word prob-
lems demanding critical thinking and problem-solving skills (RQ1).
Moreover, although the robot tutor led to a higher learning gain
than the robot peer, the difference was small. Therefore, as long
as the goal is to impart knowledge to the learner, both personali-
ties with a tutoring component will achieve positive results, unless
the peer is only designed for emotional support (RQ2). Lastly, our
results show that some pupils blindly followed the robot’s sugges-
tions even when they were incorrect, just because the robot had
been “smart” before (RQ3). This is alarming, as LLMs are always
“smart” until they hallucinate. It is therefore essential to emphasise
to learners that Al tutors are fallible, and that their outputs should
always be approached with caution and critical reflection.

Our study has several limitations that could impact the generalis-
ability of the findings. Firstly, it was set in one geographical location
with a homogeneous culture. Performing the research in a different
culture could produce different results. Also, our qualitative sample
—though it enabled us to get in-depth views on pupils’ reasoning—
is still limited and perhaps not generalisable. Lastly, our results
are based on using a NAO robot. Since the study is evaluating the
presumed authority a robot has on a learner, experimenting with
different-sized robots could also yield different results.
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